TITLE OF THE INVENTION 

METHOD AND APPARATUS FOR DOCUMENT FILTERING 
USING ENSEMBLE FILTERS 
CROSS-REFERENCE TO RELATED APPLICATION 

This application claims priority from and is related to the following prior 
application: "Method And Apparatus For Docimient Filtering Using Ensemble Filters," United 
States Provisional Application No. 60/426,826 filed November 15, 2002. This prior application, 
including the entire written description and drawing figures, is hereby incorporated into the 
present application by reference. 

FIELD OF THE INVENTION 

The present invention relates to the field of computerized information search and 
retrieval systems. More specifically, this invention relates to a method and apparatus for 
constructing filters to identify documents that satisfy specific user requirements as given in a 
profile. 

BACKGROUND 

Given the vast amoimt of information accessible by computer systems, 
particularly on distributed databases, more efficient methods of information retrieval are 
continually needed. One general type of retrieval is exemplified by information filtering. In 
information filtering, a system retrieves or presents to a user just the limited number of 
documents (or information) that satisfies a user's requirements. In one form of information 
filtering, documents are processed in a stream or in batches as they are delivered to the system, 
perhaps continuously. In contrast to database searching, in which all the documents in the 
database are available at once and can be evaluated and ranked against one another before being 
presented to the user, in this form of filtering documents are evaluated by the system one at a 
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time or in small sets and a binary decision to accept or reject a document is made for each 
individual document. In making such a decision, the system compares the information in a 
document with the information contained in an information profile, which serves to represent the 
user's need or topic. 

Traditionally, an information profile (used as the basis for a binary document 
classifier) consists of three key elements: (1) a set of features, often in the form of a temi vector, 
(2) a set of one or more weights or statistics associated with each feature, (3) a scoring threshold. 
The first two elements are used by the system with a scoring fimction to assign a score to the 
document, and the third is used to make the decision whether to accept or reject the document as 
relevant or not relevant to the user's information need. 

The basic approach to profile-based filtering involves a two-step procedure. For 
each document-profile pair, a relevance score is computed. Conventionally, the computation is 
based on a weighted combination of the featiures or terms in the profile as they appear in the 
document. That score is then compared to the profile score threshold to make the binary 
decision to accept or reject the document. It is important that the profile score threshold be low 
enough such that it allows a sufficient number of relevant documents to be retumed to the user. 
However, if the profile score threshold is set too low, a large number of documents will be 
retumed, potentially inundating the user with redundant or irrelevant information. For any 
infomiation profile, the optimal threshold should represent the best tradeoff between accepting 
more relevant documents and avoiding accepting non-relevant documents. Such an optimal 
tradeoff is typically based on the user's stated or assumed utility preference. 

In docximent filtering it is often the case that the user's information need is not 
expressed directly, as would be the case in a query to an information-retrieval system, but rather 
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is presented to the system as a set of example documents. The set can be regarded as 
representing a topic or category or class. The system must process the set of documents to derive 
an information profile. Such a situation presents two problems. First, features must be extracted 
from the documents and associated with weights. Second, a threshold must be set, based on a 
scoring function, to establish the basis for accepting or rejecting new documents that are scored 
against the features in the profile. 

Using a set of example documents to find appropriate features and weights and to 
set a scoring threshold is called the "training" problem. Training typically proceeds in several 
steps. In the first step, the available example documents are divided into two or more subsets. 
One of the subsets is processed to find candidate features and weights, forming an initial, partial 
profile. Another subset is mixed with additional example of documents believed not to be on the 
example topic. In a second step, this set of mixed documents is passed to the profile created in 
the first step and each document in the mixed set is given a score. Since the correct (on-topic) 
documents in the mixed set are known, the performance of the profile can be evaluated. 

Successful training of the type outlined above depends on several factors. One 
important factor is related to the identification of features in the sample documents. It is 
desirable that the sample docxmients be highly representative of the topic or category and that the 
features extracted from the documents be highly Ukely to occur in all and only the docvmients on 
the same topic or in the same category. Difficulties in training arise especially when the example 
documents do not accurately represent the docxmients that the system will have to process in the 
future. This may happen when there are too few examples. This may also happen when the 
topic or category itself is not well focused. 
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In general, it is difficult to use example documents for optimal training, to select 
representative features, to set score thresholds, and to validate the performance of the profile. It 
is highly desirable to have a principled and automatic method for deciding how best to create a 
profile and configure a filter based on it. 

SUMMARY OF THE INVENTION 

The present invention is a technique for representing an information need and 
employing one or more filters to select documents that satisfy that information need. Creating 
such filters involves a number of steps, including (a) dividing a set of example documents 
representing a topic or category into one or more subsets such that each subset can be used as the 
source of features for creating a filtering profile or used to set or validate the score threshold for 
the profile and (b) determining whether multiple profiles are required and, if so, how to combine 
them to create an effective filter. In particular, when multiple profiles are required, this method 
incorporates each profile into an individual filter and the individual filters are combined to create 
an ensemble filter. Ensemble filters can then be further combined to create meta filters. When 
single filters do not adequately model a topic or category, the ensemble and meta filters can 
produce more accurate and robust results. 

The present invention also is a method for the construction of two specific kinds 
of ensemble filters, multiplex filters and cascade filters. Multiplex filters consist of two or more 
element filters each of which can score a document as to its membership in a category. Each 
element filter is trained independently on all or part of the example data. The scores of each 
element filter in a multiplex filter can be combined or assessed to yield a final score for a 
document and an associated decision can be made to accept or reject the document. Cascade 
filters consist of two or more element filters in a sequence. The first element filter scores a 
document as to its membership in a category and based on the score either accepts or rejects the 
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document. If a document is accepted by the first element filter, it is removed firom further 
consideration by other element filters. If it is rejected, it is passed to the second element filter for 
consideration. Subsequently, and in general, any element filter after the first one sees only those 
docimients that been rejected by all previous element filters in the sequence. In cascade 
configurations, element filters are not trained independently. Rather, the specific example 
documents that are used to train any one element filter in a cascade may be determined by and 
may be dependent on the classification characteristics of other element filters that have processed 
the documents before that element filter. In particular, an element filter in a sequence will be 
trained using documents that have been scored by element filters earlier in the sequence. In one 
embodiment of this approach, an element filter in a sequence is trained using only remainder 
docimients, i.e. those documents that have been rejected by all element filters earlier in the 
sequence. In another embodiment, an element filter in a sequence is trained based on features for 
docimients that include features added by all element filters earlier in the sequence. 

The present invention also specifies a method for finding the best filter for a set of 
example docmnents. In particular, the method specifies (1) creating some combination of (a) a 
monolithic filter, (b) a multiplex filter, and (c) a cascade filter using the set of example 
documents and (2) comparing the performance of each filter type. Based on a measure that 
reflects a user's preferences, such as the preference for high precision or the preference for high 
recall, one or a combination of the constructed filters is chosen and used to represent the 
category of the example docimients and to filter new documents. 

The present invention also specifies a method for selecting subsets of example 
documents using clustering and then constructing filters based on the document clusters. In 
some instances of the invention, the filter construction proceeds in such a way that clustering is 
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applied at many points, for example, to the fallout or remainder docxmients, or to misclassified 
documents of documents processed by one or more other filters. 

BRIEF DESCRIPTION OF THE DRAWINGS 

Figure 1 is a flow chart that illustrates a method according to the present invention 
for filtering relevant information from a corpus or a stream of documents. 

Figure 2a is a graph that illustrates a method according to the present invention 
for setting an initial threshold of a user profile in an information retrieval/filtering system. 

Figure 2b is an illustration of a ranked list of documents with scores and relevance 
attributes showing the set utility of the list as calculated at each rank of the list of documents.. 

Figure 3 is a flow chart that illustrates a method according to the present invention 
for setting a threshold of a user profile in an information retrieval/filtering system. 

Figure 4 is a graph that illustrates the parameters of the present invention for 
setting utiUty threshold. 

Figure 5a is an illustration of a multiplex filter according to one embodiment of 
the present invention. 

Figure 5b is an illustration of a stacked multiplex filter according to one 
embodiment of the present invention. 

Figure 5c is an illustration of a document x term array with source features and 
derived features based on filter processing. 

Figure 5d is an illustration of a cascade filter according to one embodiment of the 
present invention. 

Figure 5e is an illustration of a multi-level stacked filter according to one 
embodiment of the present invention. 
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Figure 6 is an illustration of a cascade filter using both source and derived 
features according to one embodiment of the present invention. 

Figure 7 is an illustration of the threads or processes used to construct a cascade 
filter according to one embodiment of the present invention. 

Figure 8 is an illustration of the first steps in threads or processes used to 
construct a cascade filter according to one embodiment of the present invention. 

Figure 9 is an illustration of the subsequent steps in the threads or processes used 
to construct a cascade filter according to one embodiment of the present invention. 

Figure 10 is an illustration of the iterative steps in the threads or processes used to 
construct a cascade filter according to one embodiment of the present invention. 

Figure 1 1 is an illustration of the final step in the threads or processes used to 
construct a cascade filter according to one embodiment of the present invention. 

Figure 12a is an illustration of clustering to create subsets of documents used in 
filter creation according to one embodiment of the present invention. 

Figure 12b is an illustration of the use of a filter to separate docimients into two 
subsets, the fallout, or remainder subset of which is clustered to create subsets of data used in 
filter creation according to one embodiment of the present invention. 

Figure 12c is an illustration of the use of one subset in the cluster results of a 
fallout, or remainder set of documents used as input to create a filter according to one 
embodiment of the present invention. 

Figure 1 2d is an illustration of the use of two filters in cascade order to filter 
documents, the fallout, or remainder subset of which is clustered to create subsets of data used in 
filter creation according to one embodiment of the present invention. 
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Figure 13 is a block diagram of a computer system on which embodiments of the 
invention may be implemented. 

DESCRIPTION OF THE PREFERRED EMBODIMENT 
The approach to filtering information in accordance with the invention involves 
the steps of profile creation and filter construction. We present profile creation first and 
describe filter construction subsequently, based on the use of profiles created by the methods 
described below. 

Profile creation involves the steps of feature extraction from example dociunents, 
feature weighting, and threshold setting, with reference to a scoring fimction for the features and 
a utility fimction. The scoring fimction determines the score of a document based on the features 
of the document that are shared with the features in the profile. The utility fimction gives the 
relative value of delivered documents that are correctly classified (the "true positives") to 
delivered documents that are incorrectly classified (the "false positives"), as determined by or for 
the user. The threshold is the score such that documents scoring at or above threshold are 
accepted by the system. The threshold is ideally set to a score that maximizes expected utility. 

Figure 1 illustrates the general method for filtering relevant information from a 
corpus of documents 101 or from a steam of documents 130. According to one embodiment of 
the invention, a document is a text file containing one or more strings of characters or other 
symbols that are used to form more complex constructs. For example, strings of characters may 
form words, phrases, sentences, and paragraphs. The constructs contained in the documents are 
not limited to constructs or forms associated with any particular language. Furthermore, the 
feature types that may be used are not limited to linguistic strings or symbols, but can include 
other feature types such as: structural features, such as the number of fields or sections or 



WAI- 2085952V I 



8 



paragraphs or tables in the document; physical features, such as the ratio of 'Svliite" to "dark" 
areas or the color patterns in an image of the document; annotation features, the presence or 
absence or the value of annotations recorded on the document in specific fields or as the result of 
human or machine processing; derived features, such as those resulting fi-om transformation 
functions such as latent semantic analysis and combinations of other features; and many other 
feature types that may be apparent to practitioners of the art. 

Documents are pre-processed 131 in order to insure that the features of the 
documents have been identified and are in a form that the filter can interpret. Many altemative 
techniques are known in the art for extracting and representing features, as well as for storing the 
features for efficient access by the system (as would be the case in an inverted index to a 
database of documents) or for sorting or ranking features for efficient processing. In the 
preferred embodiment, the documents in the corpus of documents 101 or stream 130 are 
processed one document at a time. For each document, features are extracted so as to obtain a 
term vector. In an altemative embodiment, the corpus of document 101 can be segmented into 
small subsets of documents or the stream of documents 130 can be collected or buffered to form 
a subset of documents. Such subsets of documents can be processed together to increase 
efficiency. Such subsets can also be used to define new super-document units for processing, for 
example, reflecting those documents within a set that share specific characteristics, such as being 
on the same topic. Practitioners of the art can readily appreciate the many altemative strategies 
and techniques one might use to establish such super-document groups. Furthermore, any 
document can be analyzed into sub-documents using the methods of U.S. Patents Numbers 
5,907,840, 5,999,925, 6,1 15,706, 6,205,443, and 6,377,947, which are herein incorporated by 
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reference, and each sub-document of the document can be processed such that the features of one 
or more of the sub-documents of the document are used by the filter to score the document. 

In this invention, a document for purposes of processing can be defined as a Hteral 
document, as made available to the system as a source document; sub-documents of arbitrary 
size; collections of sub-documents, whether derived firom a single source document or many 
source documents, that are processed as a single entity (document); and collections or groups of 
documents, possibly mixed with sub-documents, that are processed as a single entity (document); 
and combinations of any of the above. 

In this embodiment, the user profile 102 incorporates a feature or term vector 103 
and a score threshold 104. The term vector 103 is used to generate a score in step 105 for each 
document in the corpus of documents 101 or in the stream 130. In alternative embodiments of 
the invention, not every document in a corpus 101 or stream 130 is scored, but only those 
documents that satisfy some external condition, such as having been added to the database of 
documents 101 or appeared in the stream 130 within the most recent time interval, t. Other 
extemal conditions can easily be imagined by practitioners of the art. In an altemative 
embodiment, the corpus of documents 101 or the stream of documents 130 can be segmented 
into small subsets of documents. 

The features or terms that are used in the profile 103 can be derived firom example 
documents or other text that the user or system has provided as a characterization of the topic or 
category to be filtered. In one embodiment of the invention, the terms in the profile 103 are 
extracted fi*om a body of text, possibly in a set of documents, in a two-step process that involves 
first identifying the features in the text and second ranking the features according to a scoring 
algorithm or selection principle. 
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One method that the invention uses for identifying features is to parse the text and 
treat any phrase or word in a phrase of a specified linguistic type (e.g., noun phrase) as a feature. 
Such features or index terms can be assigned a weight by one of several alternative methods 
known in the art. One such method assigns to temi t a weight that reflects the observed 
fi-equency of t in the imit of text CTF") that was processed times the log of the inverse of the 
distribution count of t across all the available units that have been processed ("IDF"). This "TF- 
BDF" score is typically computed using a document as a processing unit and the count of 
distribution based on the number of documents in a database in which term t occurs at least once. 
For any set of example documents or text that might be used to provide features for a profile, the 
extracted features may derive their weights by using the observed statistics (e.g., fi-equency and 
distribution) in the set itself However, in a preferred embodiment of the invention, the weights 
on temis found in the example text(s) may be based on statistics from a reference corpus of 
documents. In other words, instead of using the observed frequency and distribution counts from 
the example set of documents, each feature in the example set may have its frequency set to the 
frequency of the same feature in the reference corpus and its distribution count set to the 
distribution count of the same feature in the reference corpus. In an altemative embodiment of 
the invention, the statistics observed in the example documents may be used along with the 
statistics from the reference corpus in various combinations, such as using the observed 
frequency in the example set, but taking the distribution count from the reference corpus. 

The final selection of features from example documents may be determined by a 
feature-scoring fimction that ranks the terms. Many possible scoring or term-selection fimctions 
might be used and are known to practitioners of the art. In one preferred embodiment, the 
following scoring function, derived from the familiar "Rocchio" scoring approach, is used: 
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ZTF,(t) 

TFW(t) = IDF(t) X -SsEasse! 

R 

Here the score of a term, t, in a document set ("TFW(t)") is a function of the 
inverse document frequency (IDF) of the term in the set, the frequency count of t in the set, and 
the total nimiber of documents in the set that are known to be relevant ("R"), where IDF is 
defined as 

IDF(t) = log2(N/nt) + 1 

where N is the count of documents in the set and Ut is the coimt of the documents in which t 
occurs. 

Once scores have been assigned to features in the docimient set, the features can 
be ranked and all or a subset of the features can be chosen to use in the feature profile for the set. 
In a preferred embodiment of the invention, features from example documents are chosen in 
descending order of score down to a rank (e.g., 10, 20, or 50) that is specified by the algorithm 
used in filter construction and just those top-ranked terms are used for the feature profile. 

The scoring in step 105 is performed using standard statistical analysis techniques 
such as vector space-type scoring, though many altemative scoring methods are possible. In a 
vector space-type scoring system, a score is generated by comparing the similarity between a 
profile (or query) Q and the document D and evaluating their shared and disjoint terms over an 
orthogonal space of all terms. For example, the similarities score can be computed by the 
following formula (though many altemative similarity fimctions might also be used, which are 
known in the art): 
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where Qi refers to terms in the profile and Dj refers to terms in the docimient. The vector space- 
type scoring technique can be illustrated on the following sample set of profiles and documents, 
which assumes that words have been used as the features to estabUsh terms. 



Terms 


Qi 


Q2 


Dj 


D2 


dog 




1 


2 




cat 








1 


hat 






1 




bat 










mat 




1 






hut 




1 


2 




cut 




I 




2 


luck 






3 




buck 






1 




muck 








3 



In this table, the Terms column lists a unique union of all the terms contained in 
the two documents Dj and D2. The values listed under Dj and D2 refer to the frequency of those 
terms as they appear in the documents. The values listed under Qj and Q2 refer to the frequency 
of the terms as they appear in the profiles corresponding to Qj and Q2 . Using the similarity 
function illustrated above, the similarity score of the profile Qj to document Dj is computed as: 



(l-2) + (l-2) 



= 0.41 



Vl^ +1^ +1^ +1^ +1' ■^|2^ +1' +2' +3^ +1' 
Similarly, the similarity score of the profile Q] to document D2 is computed as: S(Qj, 0^)= 0.12. 
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As can be seen from the above example, the similarity score of profile Qj to 
docimient Dj is higher than the similarity score of profile Qj to document D2. As a result, the 
similarity score provides a relative measure of the relevance of a document to the profile. A 
highly-scored document is more likely to be relevant to a profile than a low-scoring one. 

The score threshold 104 is used for deciding to accept or reject documents in step 
106 with respect to each document based upon the scoring obtained in step 105. If the score of a 
document is above the score threshold, the document will be accepted, otherwise it will be 
rejected. A high score threshold would only allow a few high-scoring docimients to be accepted. 
Most of these high-scoring documents may be expected to be relevant to the profile. On the 
other hand, a low score threshold would allow more dociraients to be accepted. However, the 
ratio of actually relevant documents among these accepted documents — referred to as 
"precision" — ^may be low. The correct threshold can only be determined according to the user's 
actual preference concerning the number of documents accepted as well as the expected 
precision of the accepted documents. 

Once a threshold is established, the filter can use it to make a decision whether to 
accept or reject a docimient. The combination of steps 105 and 106 comprise filter 120. In 
particular, as illustrated in Figure 1, the thresholding operation in step 106 determines whether a 
document will be delivered to the user in step 107. Documents yielding a score from step 105 
above the score threshold 104 are accepted as relevant in step 106 and delivered to the user in 
step 107. Conversely, documents yielding a score below the score threshold 104 are rejected as 
not relevant and discarded. 

While the illustration above utilizes a single scoring mechanism, it is clear that 
alternative scoring mechanisms might be used singly or in combinations in filtering. For 
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example, a similarity score of a profile to a document might be supplemented with a "Boolean" 
score, based on a specific constraint or condition that would be required for a document. This 
would amount to a requirement, implemented in the filter, that only documents that have a 
similarity score above the desired threshold and also satisfy the constraint (e.g., contain the term 
"cat") be delivered to the user. In general, multiple altemative methods for evaluating (scoring) 
a document may be used in a filter. 

It is also clear that, while the illustration above uses a single type of feature 
(word-based terms), altemative feature types, including, but not limited to, linguistic phrases and 
their constituents, identified entities such as "names" or "places" or "products", and annotations 
of all kinds, might be used to represent the document or the profile, either singly or in 
combinations. One simple example of this might involve the feature "date" — ^the time stamp or 
pubUcation date on a document — ^used in combination with terms that represent the document's 
content. A profile might specify that a document be accepted if and only if it both scores above 
threshold in term features and also has a date that is after a specified time. A filter might 
implement this requirement by using a similarity scoring fiinction for the terms and a numerical 
test ("greater-than") on the date feature of the document; it would accept documents only if the 
term features of the documents scored about the threshold for the term features of the profile and 
the date on the document was greater than the date given in the profile. 

In general, in cases where the document or profile uses features of different types, 
it may be appropriate for different scoring fimctions to be used for each different feature type. 
The filter will implement the requirements of each scoring fimction for each feature type and 
make its decision based on some combination of the information that derives fi"om each score or 
requirement. 
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Setting a threshold for a profile can be accomplished in a variety of ways. There 
are at least two general cases that should be contrasted: (1) the case where there are insufficient 
data among example documents or where there is only a set of features and no example 
documents and (2) the case where there are sufficient data among example documents. 

When there are insufficient data among example document or when there is only 
a set of features associated with a profile, it is necessary to use surrogate data to establish a 
scoring threshold. Figure 2a illustrates such an embodiment of the invention used to set an initial 
score threshold by using a delivery ratio estimation 201 and a reference set of documents 202 
whose relation to the example documents may not be known. The set of reference documents 

202 is identified as the reference database. The profile term vector 200 is used to assign a score 

203 to each reference document. The reference documents are sorted by their scores to generate 
a sorted list of reference documents 204. The expected delivery ratio 201 directly provided by 
the user or calculated based on the sample of example documents provided by the user or set by 
default determines a cutoff point 205 at the list. Assuming that the user expects to accept a 
fi-action r of documents fi-om the corpus of documents (e.g., 10%), the cutoff point will be the k- 
th document in the ranked list, where K = r x N, and N equals the number of documents in the 
reference database. (In cases where the user does not provide r, r may be estimated either (a) by 
determining the ratio of the example documents to the larger set of documents fi-om which the 
example documents were chosen or (b) by using a default ratio, e.g., 1:5,000 => 0.0002.) The 
score of the document at the cutoff point 205 is taken as the assigned threshold. In special cases 
when AT < 1 or when K >N, heuristic extrapolation is applied. 

When there are sufficient data among the example documents, the set of example 
documents can be supplemented with documents that are believed to be not in the same category 
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or topic. In some embodiments, the example documents may be divided into subsets and one or 
more of the subsets may be reserved for use in extracting features and other subsets may be 
reserved for use in setting thresholds. Any subset used for setting thresholds will need to have or 
to be supplemented with data (documents) that are believed to be not in the category or topic of 
the example documents. In many typical cases, the information that is available for the system to 
use in training mixes example (on-topic) documents (the "positive" class) with others (not on- 
topic; the "negative" class) in a collection that the system can use. In such cases, the entire 
mixed set of documents may be regarded as the "training" set and the development of any 
individual filter (for a specific set of examples) will require segregating the example (on-topic) 
documents from the other documents at various stages. For example, in a mixed training set, a 
profile's features might be extracted from just the subset of positive documents, while the setting 
of the profile's threshold might use the entire mixed set of both positive and negative documents. 
Threshold setting in such cases may use the delivery-ratio method, but may also use more direct 
methods, such as ranking the documents in the mixed set by score and choosing a score at the 
rank that gives the best observed performance. This latter case is described in greater detail 
below and represents the default case in the embodiments of this invention. 

Threshold setting typically requires reference to some model or measure of the 
user's desired outcome or preferences for filtering. Such a measure is conmionly referred to as 
"utihty" and often expressed as a ftinction of the positive and negative documents that the filter 
selects. There are many such fimctions known to practitioners of the art. 

In the following for purposes of exposition, we describe a particular type of utility 
fimction based on specific information-theoretic measures, however, the embodiment of the 
invention does not depend on the use of any one such specific utility measure. In particular, we 
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recognize that utility measures may be appropriate that include such considerations as the size of 
the filter (model) as it is stored in memory, the complexity of the filter (model) in terms of 
number of steps, or processing time, it requires to process data, etc., and other such pragmatic 
measures of the process or combinations of such measures. 

A preferred embodiment of the invention uses one of several possible Hnear utility 
functions, given schematically as follows: 

U = aR'' + blsr+cR" + dN' 
where is the count of positive ("relevant") docimients in the filtered (delivered) set, >r is the 
count of the negative ("non-relevant") docimients in the delivered set, R"is the count of the 
positive documents that have been missed (not delivered with respect to a database or stream), 
and N~ is the count of the negative documents that have been (correctly) not delivered. 

The change in utility (U) can be calculated as a function of the ranking of 
documents in the filtered set based on their scores, as illustrated in Figure 2b and Figure 4. In 
Figure 2b, a set of documents 250 is listed along with their corresponding scores 260. Each 
document in the set 250 also is associated with a label or judgment 270 indicating whether the 
document is a positive ("R") or negative (**N") response to the user's information need. At each 
rank in the order of the documents 250 a utility score calculation 280 is shown, based on the 
linear utility function above with a = 3, b = -2, and c = d = 0. We can note the point in the 
ranking at which the value for U is greatest. This we call Gopt 291 (491). We can also note the 
point in the ranking at which the value for U first reaches 0 or lower. This we call Ozero 292 
(492). 

Utility scores can be used to help set score thresholds when evaluating the scoring 
characteristics of a filter. In particular, a filter can be used without a threshold (i.e., with 
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threshold set to 0) to score documents from a mixed set of positive and negative examples. When 
these are sorted in descending order of score, the system can note the point in the rank at which 
the number of "correct" documents compared to the number of "incorrect" documents causes the 
set of documents at that point and above to fall below a desired utility score. The score on the 
document at that point in the ranked list can be taken as an initial score threshold for the profile. 

In an optional additional step used in one embodiment of the invention, the full 
profile established in this process, with terms, weights, and a score threshold, can be used to 
score another as-yet unseen subset of the original training documents mixed with non-topic 
documents. In this phase of training, the profile is used to filter documents from the new mixed 
set and the accepted set of documents is compared to the rejected ones. Based on the ratio of 
"correct" to "incorrect" documents in the accepted group, as well as the ratio of accepted 
"correct" documents to rejected "correct" documents, the profile score threshold can be fiirther 
adjusted — ^raised, lowered, or left unchanged — as a final calibration of the profile threshold for 
use with unseen new documents. 

Figure 3 illustrates an embodiment of the present invention used to set the score 
threshold 104 in step 110. In step 301, documents from the training set or subset of the training 
dataset, possibly not overlapping with the subset of the dataset used for term extraction, referred 
to as the thresholding dataset, are scored against the profile vector, and are sorted in descending 
order according to their scores. At each position in the ranked list, a utiUty value i7, can be 
computed by assuming a threshold that is equal to the score of the document at that position. 
Therefore, each position yields a candidate score threshold and a corresponding utility value. 
Thereafter, the "optimal" utility threshold, Gopt 291 (491) is determined as the score where the 
utility is maximum over the thresholding dataset and the "zero" utility threshold, 02ero,292 (492) 
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is determined to be the highest score below 0opt 291 (491) where the utihty is zero or negative (or 

the lowest score should the utility fail to reach zero). Using the optimal utility threshold and the 

zero utility threshold, a new profile utility threshold is then calculated in step 305 by 

interpolating between the empirical optimal utility threshold and the zero utility threshold over 

the thresholding dataset as follows: 

threshold = a * 6^,,, + (1 - a) * 9^^, 
a = yS + (l-)ff)*e"''*^ 

where Gopt is the score of the document where the utility is maximimi 

9zero is the highest score below Gopt where the utility is zero or negative 
M is the number relevant documents in thresholding dataset 
and a, p, y are parameters 

This method of setting the thresholding is referred to as the beta-gamma thresholding algorithm 
(or "beta-gamma" method) in the following. The parameters of this algorithm are illustrated 
schematically in Figure 4. This algorithm and its background are described in greater detail in 
U.S. Patents Numbers 6,430,559 and 6,463,434, which are herein incorporated by reference. 

Filter construction involves the steps of determining how to construct profiles 
fi-om example documents, whether more than one profile is necessary, and, if so, how to combine 
profiles into one or more filters. Note that example documents may be available to the system in 
a variety of forms. One source is a set of positive-only documents. In such cases, the system (or 
user) may supplement the set with additional documents that are believed to be non-positive, for 
use in various stages of training. Another source may be a set of labeled documents, where a 
document's one or more labels may be used to identify a positive set. In the operations of the 
present invention, we assume that example positive documents are available along with 
contrasting non-positive documents in a labeled dataset, though practitioners of the art will easily 
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understand how to adapt the invention to deal with cases where the data is presented only as a set 
of positive examples. 

In filter construction, we can use monolithic, multiplex, and cascade filter types. 
We can use n-fold cross-validation to choose the construction and aggregation method and to 
make other representational decisions, such as which of several term-extraction methods and 
term counts to use. 

Cross-validation begins by splitting the provided dataset at random into n distinct 
segments. Then filters are trained using n-1 segments and tested on the remaining segment. This 
process is repeated for each of the n possible choices for the segment that is omitted fi-om the 
training process, resulting in a vector of n utility measures. The utility vector can be used in 
various ways to assist the system choose the best filter (model) for the dataset. Such a procedure 
allows the use of a high proportion of the available data for training, while also making use of all 
examples in evaluating the cross-validation utility measure. 

Monolithic filters can be constructed firom one or more example documents by 
processing the example documents to yield a profile. All of the example documents can be 
processed to identify features; these can be ranked according to one or more feature extraction 
techniques. A number of top-ranked features, along with the weights they are assigned by the 
extraction algorithms, can be chosen as a weighted feature vector for the profile. This feature 
vector can be used to score all the known correct examples and a sample of known incorrect 
examples according to the scoring fimction chosen (e.g., the vector-space similarity measure 
described above). A threshold for the profile can be set according to the beta-gamma method or 
other methods described above. However, such a filter may not always be a good classifier for 
the topic represented by the example documents, since using the same documents for feature 
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extraction and for threshold setting can result in an "overfitted" filter. In order to overcome this 
problem, if there are sufficient numbers of example documents, n-fold cross-validation is used to 
determine an optimal representation for a topic/category/information need. That is, when 
constructing monolithic filters fi-om training examples, various feature extraction methods and 
feature coimts may need to be considered to build an optimal filter representation. This can be 
achieved automatically using cross-validation. 

Table 1 lists the feature extraction methods (in this case, a single method, 
Rocchio, as given above) and term coimts that could be used to select features for the term vector 
of a profile. The first column gives the term extraction technique, denoted as ^ in the following. 
The remaining columns represent the number of terms that are chosen by the method fi-om the 
example documents to be used as a term vector for the profile. When using a feature extraction 
method such as Rocchio, terms are ranked in descending order of the weights assigned by the 
extraction method and the top terms and associated weights are chosen as a profile to model 
the information need. In practice, the weights assigned by the feature extraction method are 
treated as coefficients on the term (feature) weights that are otherwise assigned by the scoring 
function. For example, in the typical case of a vector-space scoring of term vectors using a 
similarity fimction as illustrated above, the "native" term weights are based on term distribution 
statistics as collected firom a reference database (possibly identical to the set of example 
documents), such as the commonly used "TF-IDF" weight. In such a case, the "native" (TF- 
IDF) weight of the term would be multiplied by the weight (coefficient) assigned by the 
extraction method to yield the final weight of the term in the feature vector of the profile. Those 
skilled in the art will appreciate that many other term extraction techniques and other term counts 
and other term weighting approaches could also be used. 
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Table 1: Possible term extraction method and term count table (not limited to these values) 



Extraction 
Method (E) 


Feature Count (N) 


Rocchio 


10 


20 


50 100 200 


300 


500 



In practice, given a training dataset Train that is partitioned into n folds or subsets 
this optimization procedure translates into taking each combination of feature extraction method 
E and number of terais N and perfomiing the following steps, referred to as the Monolithic 
Construction Algorithm: 
MonoUthicConstructionAlgorithm(Train, n) 

1 . Split Train into n subsets or folds indexed using 1 to n 

2. Repeat steps 2 to 5 for all combinations {E, N} listed in thereby generating a utility vector, 
UtililtyE,N, for each combination. 

3. TotalFoldUtility=0 

4. For f =1 to n do 

o TotalUtility=0 

o For i = 1 to n and i f do 

° Set ExtractionDB to the Train less subset f and subset i. 
° Build Filter Ff,i 

o Do feature extraction on ExtractionDB using the {E, N} extraction 

combination, 
o Optimize the threshold for Ff,i using subset i. 
° Do a blind test using Ff,i on subset f, thereby generating a utility value Uf,i 
° UtilityArray[fl[i]=Uf,i 
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o EndFor 

5. EndFor 

6. Select BestE and BestN as the combination {E, N} based upon a choice function. 

7. Return a filter F that is trained on Train 

o Do feature extraction on Train using the {BestE, BestN} extraction combination, 
o Optimize the threshold for F using Train. 

Another variation of MonolithicConstructionAlgorithm could use different 
numbers of folds for each of the tasks of extraction, threshold setting, and blind testing. In the 
embodiment described above, the number of folds or subsets is set for each task as follows: 
extraction uses n-2 folds, threshold setting uses one fold and blind testing uses one other fold. 
Other combinations could altematively be used. 

In our current embodiment, MonohthicConstructionAlgorithm constructs all 
possible filters and evaluates them on the held-out subset. Another variant of 
MonolithicConstructionAlgorithm could be to sample the possible filters that could be 
constructed to test a held-out fold/subset. 

In this above embodiment various choice functions can be used. One possible 
embodiment could be based upon taking the average of all utilities in the UtilityArray and 
selecting the combination with maximum average utility as the combination E and N to build a 
filter. This could be accomplished as follows: 
SelectExtrMethodAndCountUsingAverageUtitity(UtilityArray) 

1. Repeat steps 2 to 4 for all combinations {E, N} listed in _, thereby generating a utility 

2. Forf=ltondo 

o TotalUtility=0 
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o For i = 1 to n and i f do 

■ TotalUtility = TotalUtility +UtilityArray[f|[i] 
o EndFor 

o TotalFoldUtility= TotalFoldUtility + TotalUtility/n-1 

3. EndFor 

4. AvgUtililtyE,N = TotalFoldUtility/n 

5. Select BestE and BestN as the combination {E, N} that provides the highest average 

utihtyAvgUtihltyE,N • 

A multiplex filter 591 with three element or constituent filters F, 520, 525, and 
526, is illustrated in Figure 5a. (A multiplex filter is not limited to three constituent filters as 
given for illustration in Figure 5a, rather can consist of / such filters, for any This multiplex 
filter 591, made up of constituent filters 520, 525, and 526, accepts or rejects a document 510 
(where document 510 is represented in terms of its features as defined above) based on some 
interpretation of the independent scoring of each constituent filter F,. That is, each component 
filter 520, 525, and 526 accepts as input the features and associated values that describe the 
document 510 and scores them against the component filter profiles. The individual filter scores 
570, 575, 580 are then aggregated using a fimction 595. Various aggregation Amotions 595 can 
be used for interpreting the scores of a set of filters 570, 575 and 580, ranging fi-om some simple 
combination of binary outcomes (e.g., the sum of the *Votes" of each filter) to a weighted, 
possibly non-independent scoring based on the interaction of filters. In general, classification of 
a document 510, Doc, using multiplex filters is based upon the following procedure where each 
component fiUer is assigned a weight Wgti (e.g., uniform weight or weight proportional to its 
performance expectation): 
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aass(Doc)= Signi^^^^^ Wgt, Model. (Doc)) 

Here Modeli(Doc) (corresponding to 570, 575, and 580) yields +1 if the filter 
accepts the document or -1 if the filter rejects the document. And Sign(.) yields a +1 if its 
argument is 0 and -1 otherwise. 

An alternative means of aggregating multiplex filters is based upon a thresholded 
aggregation fimction as follows: 

aass(Doc)=*' 'fUj'P Model, (Doc)>e 
- 1 otherwise 

As a variant of this embodiment, Modeli(Doc) could be interpreted as the raw 
score output by the component filter L As yet another variant, each component filter could 
generate both a binary output (+1 or -1) and the actual score, which is weight-summed to yield 
an overall sum that is thresholded using 6. 

Another embodiment of an aggregation filter is based upon building a filter 
profile based upon features derived firom the component filters such as 520, 525 and 526 or the 
original document features 581 or a combination of both. The aggregation filter in this case is 
more general than the previous filter, consisting of a threshold value and a collection of features, 
where each feature has value and a weight associated with it. These features can be based either 
on the raw score value generated by a component filter or a thresholded binary value (+1/-1) or a 
combination of the above. In addition, the features originating directly fi*om the document may 
also be used. The aggregation filter parameters can be determined through a learning process, 
which is described below. A multiplex filter can be regarded as a stacked filter. 

Though the presentation here is limited to one level of stacked filter, two or more 
levels of stacked filter can also be acconunodated using this fi^amework. As illustrated in Figure 
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Se, various lower-level filters can interact and add information to the stream that passes to 
higher-level filters. These, in tum, can process information from all levels, as needed. In the 
case of Figure 5e, stacked filter 510e is a two-level stacked filter. The embodiment is not 
restricted to two-level stacked filters or to a specific nxmiber of constituent filters, rather can have 
an arbitrary number of levels and constituents, connected in arbitrary fashion as required by the 
stacked filter. In addition, the component filters in a stacked filter can be any type of filter, such 
as, but not limited to, a monolithic filter, a multiplex filter, a cascade filter, a support vector 
machine, a probabilistic model, etc. In addition, the component filters can be composed of 
heterogeneous combinations of filter types. 

The construction algorithms for multiplex filters use the monolithic filter 
construction procedure (described above) as an intermediate step in constructing component 
filters. A number of preferred embodiments are presented. 

The first preferred embodiment is based upon bagging, whereby each filter is 
constructed firom a sampled subset of the training data. Samples can be constructed using any of 
(but not limited to) the following techniques: sampling with replacement; sampling without 
replacement; or n-fold partitioning of the data. When using sampling with replacement each 
filter's training dataset is generated by randomly drawing, with replacement, a specified number 
of examples fi-om the training dataset (typically equal to, but not limted to, the size of the 
training data). The following outlines the main steps in this embodiment: 
MultiplexConstructionAlgorithmBag(Train, n) 

• Let m be the number of instances in Train 

• For each of t iterations: 

- Sample m instances with replacement firom Train to create a sample S. 
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- Build Filter F using MonolithicConstructionAlgorithm(S, n) 

- Store the resulting filter F in Models[t] 

To those skilled in the art, it will be appreciated that other sampling techniques 
can also be used. An extreme form of sampling is based upon splitting the database into n-folds 
or subsets and constructing n filters, where each filter / is constructed using a subset of the 
database consisting of n-1 folds (i.e., each fold i is ignored in the construction of filter /, while 
the remaining n-1 folds are used). Alternatively, multiplex filters or the constituent filters in 
multiplex filters can be constructed using altemative document features and abstractions or 
combinations of features and abstractions, as noted above. 

When using a stacked multiplex filter, the weights associated with each of the 
constituent features 525b and 530b along with the filter threshold must be determined. The 
following algorithm outlines an approach to achieve this based upon a stacked filter. This 
presentation is aided by Figures 5b and 5c: 

• Given two subsets of the training data, Dl and D2, where each example document is 

represented in terms of either (a) both the source features and derived features or (b) only the 
derived features. These features are defined as follows:: 

o Source features are the features directly provided to the system by the pre-processing 

of the document. These correspond to columns 530c. 
o Derived features that are computed by filters earlier in the stack of filters. In our 
example, these earlier or lower level filters (models) are 510b, 515b and 520b. Each 
of these features is computed by the filter fi-om which it is derived. That is each lower 
level filter (e.g., 510b) processes (scores) each example in the training database. This 
can result in a binary value or an actual score (that is, in this case, the document 505b 
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is scored against the filter and the similarity score taken as the actual score) or both. 
In the example Figure 5c, for explanation purposes, this is limited to the score value. 
This process results in adding a column 520c (corresponding to the result of scoring 
each document against filter 510b) to the training dataset where each cell value 
corresponds to the score between each docimient and the model 515b. 
o Set the weights of source features to those weights assigned using the source feature 
extraction algorithm 

o Determine the weights of derived features. In one preferred embodiment, we use a uniform 
value, viz., 1/F, where F is the number of derived features. In another embodiment, the value 
is utility based. 

o The threshold for the stacked filter 550b can be set using any of a number of threshold- 
setting techniques with respect to a specified utility measure over the D2 dataset. One such 
method is the beta-gamma thresholding algorithm described earlier. 

In another preferred embodiment the weights associated with each of the derived 
features are calculated using any term extraction technique. One such technique could be to 
calculate the centroid value for all input features. 

Another preferred embodiment could use an altemative modeling strategy for the 
stacked filter. For example, a neural network could be used as a means of creating an aggregation 
fimction. 

An altemative preferred embodiment for constructing multiplex filters is based 
upon boosting. Boosting iteratively constructs component filters, progressively focusing on 
examples that have been misclassified by earlier constructed component filters. The main steps 
in this approach are outlined here: 
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MultiplexConstructionAlgorithmBoost(Train, n) 

• Split Train into subsets Dl, D2. 

• Assign equal weights (probability of selection) to each instance in Dl 

• For each of t iterations: 

- Randomly sample (using the bias represented through the weight assigned to each 
example) m instances with replacement from weighted Dl generating a sample S 

- Determine optimal Feature Extraction algorithm, E, and feature count, N, using 
DetermineExtMethodAndCoimt(S, n) (cf the definition of this function below) 

- Build Filter Ft 

• Extract features and weights using E and N over Dl 

• Optimize Threshold using D2 

- Compute error e of Ft on D 1 

- If e = 0 or e > 0.5 Terminate 

- For each instance in D 1 : 

• If instance classified correctly by model then 

- Multiply weight of instance by e/( 1 -e) 

- Normalize weights of all instances 

- Set weight of model Wgtt to -log(e/(l -e)) 

- Store the resulting filter Ft in Models[t] and weight 

Here e, the error associated with each component filter, could be based on any of 
a number of information measures such as precision, recall, fallout or remainder, F-beta, a 
specific utihty fimction, and many other measures on accuracy or performance known to 
practitioners of the art. 
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DetennineExtMethodAndCount(Train, n) 

1. Split Train into n subsets 

2. Repeat steps 3 to 5 for all combinations {E, N} listed in thereby generating an average 
utility, UtililtyE,N, for each combination. 

3. TotalFoldUtility=0 

4. For f =1 to n do 

o TotalUtility=0 

o For i = 1 to n and i f do 

■ Set TrainN2 to the Train less subset f and subset i. 

■ Build Filter Ff,i 

• Do feature extraction on TrainN2 using the {E, N} extraction 
combination. 

• Optimize the threshold for Ff,i using subset i. 

■ Do a blind test using Ff,i on subset f, thereby generating a utility value Uf,i 

■ UtilityArray[f] [i]= 
o EndFor 

5. EndFor 

6. Select BestE and BestN as the combination {E, N} based upon a choice function. 

7. Return BestE and BestN 

In this above embodiment, DetermineExtMethodAndCoimt, various choice 
functions can be used. One possible embodiment could be based upon taking the average of all 
utiUties in the UtilityArray and selecting the combination with maximum average utility as the 
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combination E and N to build a filter. This could be accomplished by using the operation 
selectExtrMethodAndCountUsingAverageUtitity(UtilityArray) as described earlier. 

Altematively, the main loop in this boosting algorithm could be executed until the 
error, e, reaches an asymptote around a value (possibly zero). At this point the algorithm is 
forced to continue for an additional / * A' iterations. As has been demonstrated in the art, is a 
small number, typically 0.1. 

A cascade filter 592 (illustrated in Figure 5d) is an ensemble filter that consists of 
an ordered hst of filters {Fi, Fn) 530, 535 and 540, where each filter, 530, 535 and 540, 
consists of two outputs (e.g., filter 530 has a positive output channel 555 and negative output 
channel 545): one corresponding to the positive class (e.g., 555, 560, 565) and the other 
corresponding to the negative or fallout, or remainder class (e.g., 545, 546 and 547). (A cascade 
filter is not limited in the number of constituent filters it can contain, though the illustration in 
Figure 5d shows just three constituent filters.) Each constituent filter 535 and 540 is linked to 
the fallout, or remainder class of the filter F,.; via the fallout, or remainder channels 545 and 546 
respectively. Each component filter 530, 535 and 540 accepts as input the source features that 
describe the document 515. A document 515 is processed by each filter F, in order or sequence 
(e.g., in left-to-right fashion starting with filter 530). Should any filter 530, 535 or 540 accept the 
docimient, processing for this document terminates and the document 515 is accepted by the 
ensemble filter. Otherwise, the subsequent filter F,+y processes the document 515 in a similar 
fashion. This process repeats until either some constituent filter 530, 535 or 540 has accepted the 
document or no filter 530, 535 or 540 has. 

A variant of a cascade filter is depicted in Figure 6. Here, each component filter 
630, 635 and 640 accepts as input the source features that describe the document 615, along with 
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derived features from the output of earlier filters in the ensemble 670, 671 and 672. Here the 
output of the previous filter could be the actual score of the document against the filter or a 
classification value (+1/-1) or both. Note that the information added by the processing score or 
other assessment by a filter ordered earlier in a sequence can be regarded as a new feature in the 
feature discrimination space of a subsequent fiher. Such new, possibly abstract, features (such as 
the features 540 illustrated in Figure 5c) can be exploited by subsequent filters in their training 
and in their processing of documents generally. 

The focus of the construction algorithm for cascade filters is on producing a series 
of filters. The training set used for each filter in the series is chosen based on the performance of 
earlier filters in the series. A preferred embodiment for constructing a cascade filter for an 
information need, T, involves a number of steps and assiunes as input two subsets of the training 
dataset, Dl, D2^ which are respectively used for feature extraction and threshold optimization. 
The main steps of the algorithm are outlined in block format in Figures 7 to 1 1. The algorithm 
consists of two threads 700 and 701 : the extraction thread 700 and the threshold-setting or 
threshold-optimization thread 701. Each thread results in the construction of its own cascade 
filter, namely, CExtracUon 738 and Copt 739. The algorithm is iterative in nature, whereby the first 
filter in the cascade, CI Extraction 810, is constructed using the positive topic examples in the 
extraction dataset Dl 804. This cascade corresponds to the extraction cascade CExtracnon- In order 
to set the threshold for CI Extraction, a second cascade filter (i.e., the optimization cascade) 839 is 
constructed. The first constituent filter 820 in this cascade is a copy of CI Extraction 810 and is 
denoted as CJopt 820. To avoid clutter in Figure 8, the Extraction and Opt suffixes are dropped 
from the component filters names. The threshold for Cl(^t 820 can be set using any of a number 
of threshold-setting techniques with respect to a specified utility measure over the D2 dataset 
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802. One such method is the beta-gamma thresholding algorithm described earUer. The threshold 
of the CI Extraction filter 810 is set to the optimized threshold of CI opt 820. Subsequently, the 
fallout, or remainder documents from filter C7 810, which pass through the negative class 
channel 821 (i.e., positive examples fi-om Dl that are rejected by CI Extraction) are used to construct 
the second filter C2Extraction 930 in the cascade, provided various continuation conditions are met. 
These continuation conditions may include one or more of (but not limited to) the following: the 
number of documents in the fallout, or remainder of CI Extraction 822 (not shown), graphically 
depicted in Figure 9 as 922, is greater than a minimum number of documents required to 
construct a filter; the utility of the Clopt 821 graphically depicted in Figure 9 as 921 over the 
optimization dataset is greater than some threshold (e.g., zero). The above steps of constituent 
filter extraction and threshold optimization (on the fallout, or remainder of each preceding filter) 
are repeated as long as the continuation conditions are satisfied, yielding the component filters 
CI, C2, ... Cn in the cascade as illustrated in Figure 10. Referring to Figure 11, once any one of 
the continuation conditions fails, all the positive outputs of the constituent filters of the 
extraction cascade CExtracnon 1 1 15 are connected to a union filter 1 152. There are two outputs of 
the cascade filter 1 100 (corresponding to both the positive and negative results of the component 
filters); the output of the union filter corresponds only to the positive or accepted documents 
1 151; the fallout, or remainder through the final component filter corresponds to the negative or 
rejected documents 1 150. 

A variation of the above embodiment could generate a multiplex filter fi-om the 
component filters 1 1 10, 1 1 1 1 (not shown) and 1112 (not shown) and arrange them in parallel as 
shown in Figure 5a as 591, where the weights associated with each component filter could be 
utility-based. 
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The main steps in the above cascade construction algorithm in pseudo-code are as 

follows: 

BuildCascade(Train, n) 

• Split Train into two subsets Dl and D2 
. i = l 

• Partition Dl into positive examples Dlpos and negative examples Dlneg 

• While (number of docxraients in Dlpos > MinRequired) do 

• Determine optimal Feature Extraction algorithm, E, and feature count, N, using 
DetermineExtMethodAndCount(Dl u D2) (cf. the definition of this function 
above) 

• Build Filter F 

o Extract features and weights using E and N over Dlpos 
o Optimize Threshold using D2 
. Models[i]=F 

• Filter Dl using Models[i] into positive subset Pos[i] and negative or fallout or 
remainder subset Neg[i] 

• Set Dl to negative subset Neg[i] 

• Partition Dl into positive examples Dlpos and negative examples Dlneg 

• Filter D2 using Models[i] into positive subset Pos2[i] and negative or fallout or 
remainder subset Neg2[i]. 

• Set D2 to negative subset Neg2[i] 

• If {number of positive docvunents in D2 < minD2Required 
or utility on D2 < minUtility } 
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then exit while loop 

■ endWhile 

■ Arrange models in Models in cascade sequence in increasing order of index 

In a variation of the above Dl and D2 could be equal, that is, they would both 
correspond to Train. 

Choosing an optimal configuration for a fiher is challenging task. This can be 
achieved automatically using a number of approaches for selecting among alternative filter 
constructions or filtering techniques. 

A first preferred embodiment that automates this process is outUned below. A 
filter construction algorithm, FilterConstructionAlg, such as monolithic, multiplex, cascade, or 
variants of those, is provided to this process, along with a training dataset and other parameters, 
such as n, the number of folds required for validation, which are required to be specified when 
calling this process. 

EvaluateAlgorithm(FilterConstructionAlg, Train, n) 

1 . Split Train into n folds or subsets 

2. TotalUtility = 0 

3. Fori=ltondo 

a. Construct a filter Fi using the filter construction algorithm, FilterConstructionAlg, 
over a subset of Train consisting of n-1 subsets, where subset i has been dropped 
fi^om Train. 

b. Evaluate Fi on subset i, thereby yield a utility Ui 

c. UtiHty[i] = Ui 

4. EndFor 
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5 . Return Utility vector 
ChooseBestModel(ConstructionAlgList, Dataset, n) 

• For each learning algorithm ConstructionAlg in ConstructionAlgList do 

• UtihlityconstuctionAig = EvaluateAlgorithni(ConstructionAlg, Dataset, n) 

• Set ConstructionAlgMax to the construction algorithm determined to be the best using a 
choice function 

• Retum ConstructionAlgMax 

This algorithm yields a utility value for the input filter construction algorithm. 
Each filter construction algorithm (and other modeling algorithms such as, but not limited to, 
decision trees and support vector machines) is evaluated using similar conditions (same training 
dataset, same value n), thereby yielding a utility measure. The best algorithm as determined by 
the choice function is chosen and a new filter is constructed using this algorithm with the full 
training dataset. 

In the above embodiment, the choice function is user specified. This choice 
function can exploit one or more utility measures to rank the algorithms. The algorithm with the 
best utility will be chosen. As noted previously, utility measures can be based on aspects of the 
process that are not limited to information-theoretic measures. One possible embodiment of this 
choice function could be to select the algorithm with the highest average utility using the n-fold 
Utility vector calculated for each approach. Another embodiment could combine a utility-based 
metric (such as average n-fold utility) and a variable based upon filter complexity. One such 
measure of filter complexity (though not limited to) could relate to the size of the filter in terms 
of bytes used to store the filter. These measures could be combined using a weighted sum. 
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whereby the weights are selected by the user. The approach with the highest combined score 
would be selected. 

Ideally, each constructed filter should be evaluated on a significant amoimt of 
unseen data. A second preferred embodiment would exploit such a scenario. The training data is 
split into two subsets, whereby one subset is used to train a filter using any of the construction 
algorithms outlined here or other modeling strategies such as decision trees or support vector 
machines, etc., and the other subset, the evaluation subset, is used to evaluate the learnt models. 
The leamt model that performs best on the evaluation subset is chosen and can be deployed as is 
or retrained on the complete training dataset. 

When the example documents reflect a topic that is not well focused, it may be 
necessary to analyze the example documents to determine their characteristics, before deciding 
which documents to use for profile construction and which filter construction methods and 
configuration to apply. One example of this problem arises when the topic has natural sub- 
categories, as in the topic "Sports" with its many divisions into "Baseball", "Football", "Tennis", 
"Soccer", "Rugby", "Track and Field", etc. A set of example documents may contain many 
examples from one of the sub-categories (e.g., "Baseball") and only a few examples from some 
of the other subcategories and, therefore, as a whole set, may not offer sufficiently general 
features for the broader category. Another problem can arise when the example documents are 
divided into subsets for training. Bad divisions of the examples will lead to poor selections of 
features and poor settings of thresholds. As an example, consider what might occur in training 
for the category "Sports" if all the "Baseball" documents were included in the set that was used 
to extract features, all the 'Tennis" documents in the mixed set used to score the partial profile 
and set a threshold, and all the "Rugby" documents in the mixed set used for final threshold 
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calibration. The "Baseball" features would not serve well to select/rank "Tennis" documents, so 
the threshold might be unreliable or even impossible to set. And any threshold set on "Tennis" 
documents would be further destabilized by the final threshold calibration on "Rugby" 
documents. In general, in such cases it is difficult to choose subsets of example documents for 
optimal training, to select representative features, to set score thresholds, and to validate the 
performance of the profile. 

A solution to this problem and a general, alternative technique for constructing 
multiplex filters is based upon clustering, in which documents fi'om the dataset fi*om which 
features are to be extracted for the profile are first clustered to identify subsets of documents that 
share feature characteristics. There are many altemative methods for document clustering known 
in the art, including hierarchical agglomerative clustering, k-means clustering, and others. This 
approach depends on the use of clustering but not on a specific clustering method. 

Figures 12a, 12b, 12c, and 12d illustrate one embodiment of this approach. The 
example (positive) documents 1201 (or a subset of the positive documents) are clustered 1231 
into subsets 1205. (Though the illustration shows three subsets 1206, 1207, and 1208, the output 
of clustering is not limited to three subsets, but will be determined by the parameters of the 
clustering algorithm and the empirical characteristics of the documents and their features.) The 
largest subset 1206 is chosen to use for training 1210 a fiher 1211. Alternatively, the "best" 
subset is chosen, where "best" is determined by a measure on the documents in the subset, 
including, but not limited to, such measures as coherence of the subset or the observed utility of 
a filter constructed fi"om the subset on the source or other reference or testing data. (The methods 
for training this filter include all the methods of the invention.) In a preferred embodiment, as 
shown in Figure 12b, this filter 121 1 is used as the first filter applied to the original dataset 1201 
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or, alternatively, to a dataset that includes the original dataset or a subset of the original dataset. 
The documents 1221 accepted by the filter 121 1 are set aside. (Optionally, some of these may be 
added to the fallout, or remainder channel.) The positive documents among the fallout, or 
remainder documents 1222 of filter 1211 are then clustered 1232 (with clustering method and 
parameter settings for clustering determined as required) to yield another set of document subsets 
1225. (As before, the process is not limited to the three subsets 1226, 1227, and 1228 that are 
shown for illustration in Figure 12b.) The largest of these subsets 1226 (or the "best" of these 
subsets) is chosen and, as further illustrated in Figure 12c, used to train 1242 another filter 1212. 
As shown in Figure 12d, the original set of documents 1201 is filtered by the first filter 121 1 and 
the second filter 1212 arranged in a cascade. The accepted documents 1221 and 1223 of each 
filter 1211 and 1212 are set aside and the positive examples among the fallout, or remainder 
documents firom the second filter 1232 are clustered 1233 (with cluster method and parameter 
setting as required) to yield another set 1235 of dociraients subsets. As before, the largest of 
these (or the "best") is taken as the input to another round of filter creation and the process is 
continued until there are no more documents in the fallout, or remainder stream left to cluster or 
the number left is less than the number required to create reUable clusters. 

Though the illustrations in Figures 12a, 12b, 12c, and 12d depict a cascade 
approach in which all the source documents 1201 are re-filtered completely at each step to 
determine the fallout, or remainder that will be possibly used for clustering and to create a 
subsequent new filter, this is not required. The fallout, or remainder of any filter Fi-i can be used 
independently as the input to a filter Fi to continue the process. Each such filter can be combined 
in filter-creation order to form the final cascade filter. 
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Furthermore, it is not required that the filters created in each step be arranged in a 
cascade, but may be combined in all the manners of the invention. 

In addition, one preferred embodiment of the invention uses the results of 
clustering 1205 directly to create a plurality of filters, one for each subset in the cluster output. 
This plurality of filters may be arranged in any manner supported by the invention. 

The steps for using clustering to create filters following this and other approaches 
in the invention are given below. 
ClusterBasedFilterConstructionMono(Train, k) 

• Given Train, separate positive examples into Dlpos and negative examples into Dlneg 

• Cluster Dlpos using a clustering algorithm (e.g., group average link agglomerative 
clustering) 

• Select the k biggest clusters 

• Construct a muhiplex filter consisting of k filters using the k clusters 

o For each cluster i in the set of selected k clusters 

MonolithicConstructionAlgorithm([Cluster[i]uD 1 neg] , n) 
A variant of this algorithm involves, for each cluster that will be the source of a 
filter, the selection of the optimum filter type. In other words, for each cluster, we identify the 
optimum model, e.g., monolithic, multiplex, cascade, or some other type (such as a support 
vector machine), and use the filter constructed for that model to represent the documents in the 
cluster. 

ClusterBasedFilterConstructionC)pt(Train, k) 

• Given Train, separate positive examples into Dlpos and negative examples into Dlneg 
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• Cluster Dlpos using a clustering algorithm (e.g., group average link agglomerative 
clustering) 

• Select the k biggest clusters 

• Construct a multiplex filter consisting of k filters using the k clusters 

o For each cluster i in the set of selected k clusters 

ChooseBestModel(ConstuctionAlgList, [Cluster[i] uDlneg], n) 
A preferred embodiment using a clustering-centric cascade construction algorithm 
based on the above principles is outlined as follows: 

• Given a training dataset D 1 

• Partition Dl into positive examples Dlpos and negative examples Dlneg 

• i = l 

• While (number of documents in Dlpos > MinRequired) do 

• Cluster positive documents in D 1 pos 

• Choose biggest cluster BestC (e.g., contains most documents, or most focused) 

• Models[i]= MonolithicConstructionAlgorithm([Cluster[BestC]uDlneg], n) 

• Filter Dl using Models[i] into positive subset Pos[i] and negative or fallout or 
remainder subset Neg[i] 

• Set Dl to negative subset Neg[i] 

• Partition Dl into positive examples Dlpos and negative examples Dlneg 

■ endWhile 

■ Arrange models in Models in cascade sequence in increasing order of index 

A more general preferred embodiment using a clustering-centric cascade 
construction algorithm based on the above principles is outlined as follows: 
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• Given a training dataset D 1 

• Partition Dl into positive examples Dlpos and negative examples Dlncg 
. i = l 

• While (number documents in Dlpos > MinRequired) do 

• Partition Dl into positive examples Dlpos negative examples Dlneg 

• Cluster positive documents in D 1 pos 

• Choose biggest cluster BestC (e.g., contains most documents, or most focused) 
. Models[i]= ChooseBestModel([Cluster[BestC]uDlneg], n) 

• Filter Dl using Models[i] into positive subset Pos[i] and negative or fallout or 
remainder subset Neg[i] 

• Set Dl to negative subset Neg[i] 

• Partition Dl into positive examples Dlpos aiid negative examples Dlneg 

■ endWhile 

■ Arrange models in Models in cascade sequence in increasing order of index 

An altemative preferred embodiment based upon different stopping criteria using 
clustering-centric cascade construction algorithm based on the above principles is outlined as 
follows: 

• Split training dataset into two subsets Dl and D2 

• i=l 

• Partition Dl into positive examples Dlpos and negative examples Dlneg 

• While (number of documents in Dlpos > MinRequired) do 

• Cluster positive documents in Dlpos 

• Choose best cluster BestC (e.g., contains most documents, or most focused) 
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. Models[i]= ChooseBestModel([Cluster[BestC]uDlneg], n) 

• Filter Dl using Models[i] into positive subset Pos[i] and negative or fallout or 
remainder subset Neg[i] 

• Set Dl to negative subset Neg[i] 

• Partition Dl into positive examples Dlpos and negative examples Dlneg 

• Filter D2 using Models[i] into positive subset Pos2[i] and negative or fallout or 
remainder subset Neg2[i]. 

• Set D2 negative subset Neg2[i] 

• If {number of positive documents in D2 < minD2Required 
or utility on D2 < minUtility } 

then exit while loop 

■ endWhile 

■ Arrange models in Models in cascade sequence in increasing order of index 

In a variation of the above Dl and D2 could be equal, that is, they would both 
correspond to Train, 

The result of filtering using ensemble filters provides a decomposition of the 
accepted documents that can be exploited by processes that use this output. For example, if the 
results are presented to a user, then this imderlying structure may provide a natural means of 
organizing the results and aid in understanding the results. In addition the scores associated with 
each document and with respect to each component filter can be used to rank the documents 
delivered by the process. 
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HARDWARE OVERVIEW 

Figure 13 is a block diagram which illustrates a computer system 1300 upon 
which an embodiment of the invention may be implemented. Computer system 1300 includes a 
bus 1302 or other communication mechanism for communicating information, and a processor 
1304 coupled with bus 1302 for processing information. Computer system 1300 also includes a 
main memory 1306, such as a random access memory (RAM) or other dynamic storage device, 
coupled to bus 1302 for storing information and instructions to be executed by processor 1304. 
Main memory 1306 also may be used for storing temporary variables or other intermediate 
information during execution of instructions to be executed by processor 1304. Computer 
system 1300 further includes a read only memory (ROM) 1308 or other static storage device 
coupled to bus 1302 for storing static information and instructions for processor 1304. A storage 
device 1310, such as a magnetic disk or optical disk, is provided and coupled to bus 1302 for 
storing information and instructions. 

Computer system 1300 may be coupled via bus 1302 to a display 1312, such as a 
cathode ray tube (CRT), for displaying information to a computer user. An input device 1314, 
including alphanimieric and other keys, is coupled to bus 1302 for communicating information 
and conmiand selections to processor 1304. Another type of user input device is cursor control 
1315, such as a mouse, a trackball, or cursor direction keys for commxmicating direction 
information and command selections to processor 1304 and for controlling cursor movement on 
display 1312. This input device typically has two degrees of freedom in two axes, a first axis 
(e.g., x) and a second axis (e.g., y), which allows the device to specify positions in a plane. 

The invention is related to the use of computer system 1300 for filtering 
documents. The filtering process is provided by system 1300 in response to processor 1304 
executing sequences of instructions contained in main memory 1306. Such instructions may be 
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read into main memory 1306 from another computer-readable medium, such as storage device 
1310. However, the computer-readable medium is not limited to devices such as storage device 
1310. For example, the computer-readable medium may include a floppy disk, a flexible disk, 
hard disk, magnetic tape, or any other magnetic medium, a CD-ROM, any other optical mediimi, 
a RAM, a PROM, and EPROM, a FLASH-EPROM, any other memory chip or cartridge, or any 
other medium from which a computer can read. Execution of the sequences of instructions 
contained in main memory 1306 causes processor 1304 to perform the process steps previously 
described. In altemative embodiments, hard- wired circuitry may be used in place of or in 
combination with software instructions to implement the invention. Thus, embodiments of the 
invention are not limited to any specific combination of hardware circuitry and software. 

Computer system 1300 also includes a communication interface 1316 coupled to 
bus 1302. Conmiunication interface 1316 provides a two-way data communication coupling to a 
network link 1320 that is connected to a local network 1322. For example, conmiunication 
interface 1316 may be an integrated services digital network (ISDN) card or a modem to provide 
a data communication connection to a corresponding type of telephone line. As another 
example, communication interface 1316 may be a local area network (LAN) card to provide a 
data communication connection to a compatible LAN. Wireless links may also be implemented. 
In any such implementation, communication interface 1316 sends and receives electrical, 
electromagnetic or optical signals which carry digital data streams representing various types of 
information. 

Network Unk 1320 typically provides data communication through one or more 
networks to other data devices. For example, network link 1320 may provide a connection 
through local network 1322 to a host computer 1324 or to data equipment operated by an Internet 
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Service Provider (ISP) 1326. ISP 1326 in turn provides data communication services through the 
world wide packet data commimication network now commonly referred to as the "Internet" 
1328. Local network 1322 and Intemet 1328 both use electrical, electromagnetic or optical 
signals which carry digital data streams. The signals through the various networks and the 
signals on network link 1320 and through communication interface 1316, which carry the digital 
data to and from computer system 1300, are exemplary forms of carrier waves transporting the 
information. 

Computer system 1300 can send messages and receive data, including program 
code, through the network(s), network link 1320 and communication interface 1316. In the 
Intemet 1328 for example, a server 1330 might transmit a requested code for an appHcation 
program through Intemet 1328, ISP 1326, local network 1322 and conmiunication interface 
1316. In accordance with the invention, one such downloaded application provides for the 
retrieval or filtering of information using chunks of text as described herein. Program code 
received over a network may be executed by processor 1304 as it is received, and/or stored in 
storage device 1310, or other non-volatile storage for later execution. In this manner, computer 
system 1300 may obtain application code in the form of a carrier wave. 

Components of the invention may be stored in memory or on disks in a plurality 
of locations in whole or in part and may be accessed synchronously or asynchronously by an 
application and, if in constituent form, reconstituted in memory to provide the information 
required for retrieval or filtering of documents. 

While this invention has been particularly described and illustrated with reference 
to particular embodiments thereof, it will be understood by those skilled in the art that changes in 
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the above description or illustrations may be made with respect to form or detail without 
departing from the spirit or scope of the invention. 
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